In response to the impacts of extreme precipitation on human or natural systems under climate change, the development of climate risk assessment approach is a crucial task. In this paper, a novel risk assessing approach based on a climate risk assessment framework with copulabased approaches is proposed. Firstly, extreme precipitation indices (EPIs) and their marginal distributions are estimated for historical and future periods. Next, the joint probability distributions of extreme precipitation are constructed by copula methods and tested by goodness-offit indices. The future joint probabilities and joint return periods (JRPs) of the EPIs are then evaluated. Finally, change rates of JRPs for future periods are estimated to assess climate risk with the quantitative data of exposure and vulnerability of a protected target. An actual application in Taiwan Island is successfully conducted for climate risk assessment with the impacts of extreme precipitation. The results indicate that most of regions in Taiwan Island might have higher potential climate risk under different scenarios in the future. The future joint probabilities of precipitation extremes might cause the high risk of landslide and flood disasters in the mountainous area, and of inundation in the plain area. In sum, the proposed climate risk assessing approach is expected to be useful for assisting decision makers to draft adaptation strategies and face high risk of the possible occurrence of natural disasters.
Introduction
The impact of climate change on the pattern of extreme precipitation is potential hazard for societies due to its vulnerability and exposure (Mann et al. 2017; Sisco et al. 2017 ) and has been attracted attention in various fields (e.g., Voss et al. 2002; McMichael et al. 2006; Smith et al. 2015) . Possible changes in climate extremes such as the heavy amount and intensity of precipitation may have severe effects for the economy and environment (Kunkel et al. 1999; Haines et al. 2006; Liu et al. 2015) . In response to the increased risk of extreme precipitation, several previous studies indicated that the climate risk assessment for disaster risk reduction is an important role in climate adaptation (e.g., IPCC 2001 IPCC , 2007 UNFCCC 2004) . A reasonable investigation of the logical framework for hazard, exposure and vulnerability of climate risk has become a key issue.
Risk has become a core concept in approaches of different fields for constructing the significance of destructive events. The understanding of knowledge regarding the identification of specific risks and their possibility will be more important for managing climate-related risks (Weaver et al. 2017) . The definition of climate risk conceptualized by the Fifth Assessment Report (AR5) of the Intergovernmental Panel on Climate Change (IPCC) has emerged as a significant integrative viewpoint, which provides a logical framework for combining conventionally diverging perspectives from climate adaptation and disaster risk management (IPCC 2014) . Some previous studies integrating with the concept of climate risk have gradually increased (Ronco et al. 2017; Allen et al. 2018; Terzi et al. 2019) . Ronco et al. (2017) proposed a risk assessment framework using the downscaled precipitation and temperature and hydrological model to analyze risks for irrigated agriculture under climate change. Allen et al. (2018) provided an assessment framework by translating the concept of climate risk to demonstrate the integration of hazard, exposure, and vulnerability to assess flood risk. Terzi et al. (2019) presented a review of different modeling approaches to explore their potential applications for multi-risk assessment and climate change adaptation in mountain regions. In addition, a climate adaptation algorithm integrating with Climate Change Adaptation Six Steps (CCA6Steps) and climate risk templates has recently been proposed to help users to investigate the relationship between factors of three components (i.e., hazard, exposure, and vulnerability) for climate risk assessment (Tung et al. 2019) . Obviously, an assessment framework of climate risk for climate adaptation is necessary.
The rainfall-induced disasters such as inundation, landslides and debris flows are caused by extreme precipitation. Traditional approaches describing hydrological variables are usually based on univariate analysis. Nonetheless, these kinds of approaches are limited for the description of dependence between precipitation characteristics in complicated hydrological processes. Recently, joint probability behaviors of precipitation extremes have been investigated in various research fields (e.g., Li et al. 2015; Wahl et al. 2015; Madadgar et al. 2017) , especially in hydrology (e.g., Zhang et al. 2015; Rana et al. 2017) . Copula methods, powerful techniques and widely used in various domains, are used to analyze joint probability behaviors of multivariate precipitation extremes, as well as being usually applied to evaluate future joint probability behavior of meteorological or hydrological characteristics in climate change (e.g., Jeong et al. 2014; Goswami et al. 2018; Jhong and Tung 2018; Qian et al. 2018) . Joint return periods and joint probabilities distributions are frequently presented as results for multivariate hydrologic risk assessment (e.g., Volpi and Fiori 2014; Fan et al. 2016) .
However, in spite of that the copula-based methods have been applied to many different field in hydrologic risk assessment, little research work has been carried out on climate risk assessment based on the climate risk concept by using copula-based methods to evaluate spatial-temporal variability of extreme precipitation. The systematic integration of the climate risk assessment with the analysis steps of climate adaptation is also essential. Therefore, the justification has prompted us to propose an assessment framework of climate risk to investigate precipitation extremes for climate adaptation by copula-based approaches.
In this paper, the objective is to assess climate risk for climate adaptation by evaluating the spatial-temporal variability of extreme precipitation. To reach the objective, a copula-based climate risk assessment approach, including four stages for the analysis of the possibility of extreme precipitation and exposure and vulnerability of the target, is proposed in this paper. EPIs derived from the historical data and generated simulation by a weather generator with general circulation models (GCMs) under Representative Concentration Pathway (RCP) scenarios are estimated. The joint probability distributions of precipitation extremes are established by copula methods. Moreover, risk impacts resulted from the interaction of extreme precipitation with the exposure and vulnerability of the protected target are further assessed. The proposed approach in this paper is expected to be helpful for future climate risk assessment and adaptation, and to provide several main contributions as follows: (1) Future joint probability of precipitation extremes is appropriately evaluated by using the copula methods for climate risk assessment; (2) The core concept of climate risk consisting of extreme precipitation, exposure and vulnerability of the protected target is reasonably applied to investigate the spatial risk in the future; (3) Based on the climate risk maps, the possible analysis of climate adaptation strategies for the area with high possibility of extreme precipitation is further investigated.
Proposed Risk Assessing Approach

Climate Risk Assessment Framework
The illustration of the overview of climate risk resulting from the interaction of climate-related hazards with exposed and vulnerable natural systems and human is presented in Fig. 1a . The process of socioeconomic development impacted by the climate risk effects the exposure and vulnerability of protected targets, and also effects emissions of greenhouse gas which may impact on the climate variables (e.g., extreme precipitation, damaging cyclones, etc.). According to the overview of climate risk by IPCC, the central concept of climate risk can be focused on the composition of climate-related hazard, exposure and vulnerability of human and natural systems, as shown in Fig. 1b . To comprehensively assess climate risk and identify climate adaptation strategies, a standard operational procedure for climate risk assessment is necessary. Figure 1c shows the illustration of the procedure of Climate Change Adaptation 6 Steps (CCA6Steps), a standard steps to assess current and future risk and identify climate adaptation options, proposed by Tung et al. (2019) . CCA6Steps is consisted of (1) Problem analysis, (2) Current risk assessment, (3) Future risk assessment, (4) Adaptation measures, (5) Adaptation pathways, and (6) Monitoring and modification. In this paper, we focus on the crucial concept of climate risk, and follow the second, third, and fourth steps of CCA6Steps. The strategies of climate adaptation are also further discussed.
To comprehensively understand the impacts of extreme precipitation on human or natural systems under climate change, a risk assessing approach, which integrates (1) the evaluation of marginal functions of precipitation extremes for historical and future periods, (2) determination of copula functions, (3) estimation of future joint probability behaviors of precipitation extremes, and (4) spatial assessment for climate risk, is proposed in this paper, as shown in Fig. 2 . Firstly, to generate the time series data of precipitation for baseline and future periods, a weather generator with determined GCMs and RCP scenarios are used. EPIs of the historical data and generated simulation resulted from the weather generator are then calculated to estimate marginal distributions. Next, the joint probability distributions of extreme precipitation are constructed by copula methods, and goodness-of-fit indices are calculated to determine the appropriate copula functions. Then, the comparison of the copula joint distributions between the baseline scenario and historical situation is conducted, and the future JRPs of the EPIs are then evaluated. Furthermore, change rate of JRPs for future periods compared to baseline is estimated by the comparison of the JRPs of the EPIs for the baseline and future periods, and the climate risk impacts derived from the interaction of change rate of JRPs with the exposure and vulnerability of the protected target are finally assessed. 
Marginal Functions of Precipitation Extremes for Historical and Future Periods
Weather generators are usually used to generate a time series of climate variables for analyzing the impact assessment of climate change based on different climate scenarios (Liu et al. 2009; Tung et al. 2014 ). Richardson-type weather generator (Richardson and Wright 1984 ) is used as a weather generator model to generate daily precipitation in this paper. A sequence of 500-year daily precipitation (i.e., 25 sets of 20-year data) was generated for each current and future scenario. In addition, there are two steps for generating the daily precipitation: precipitation occurrence and amount. A random number N R is generated (N R ∈ [0, 1]), and the conditional probability of a wet day following a wet day P(W|W) and the conditional probability of a wet day following a dry day P(W|D) are used to generate precipitation occurrence. One day D i will be wet if D i-1 is wet and a random number N r ≤ P(W| W), or D i-1 is dry and N r ≤ P(W| D). Otherwise it will be dry. For the step of precipitation amount R, it can be produced by using the following formula:
where μ R m is the mean value of precipitation for the target month.
One of the crucial steps in fitting copula is the determination of the appropriate marginal distribution for each precipitation extreme index. In general, precipitation extreme indices can be separated into two types: discrete and continuous indices. Two continuous extreme indices are considered in this paper. The continuous probability distributions used to analyze the marginal probability properties of two extreme precipitation indices are Normal, Log-normal, Pearson Type III, Log-Pearson Type III and Extreme Value Type I distributions. The equations of the probability density functions of these distributions are given in Table 1 . In addition, the method applied to estimate parameters of continuous probability distributions is the Maximum Likelihood Estimate (MLE) method. The goodness-of-fit used to evaluate the probability distributions is Kolmogorov-Smirnov (K-S) test.
Estimation of Future Joint Probability Behaviors of Precipitation Extremes
In this paper, bivariate relationships are considered by using copula functions since the copula functions are powerful techniques to form multivariate distributions and widely used in various fields (Wahl et al. 2012; Su et al. 2014) . Symbols x and y (x, y ∈ R) are used to denote two random variables X and Y with joint distribution F X, Y (x, y) and marginal cumulative distribution functions (CDFs) F X (x) and F Y (y). Their marginal CDFs are also denoted as u and v (u, v ∈ [0, 1]). The well-known two different elliptical copula families, Gaussian copula and t 
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Scale parameter copula, and the other three Archimedean copula families, Clayton copula, Frank copula and Gumbel-Hougaard copula, were employed in this paper. In addition, the Archimedean copulas have been widely exploited because of the convenience for using the Archimedean copulas. Let ϕ be denoted as a continuous and strictly decreasing function (ϕ(1) = 0). Let ϕ −1 be the inverse function of ϕ when ϕ(0) = ∞. The form of the Archimedean copula can be written as
where ϕ(t) = (− ln t) θ is the generating function of the Archimedean copula. ϕ of each Archimedean copula includes a parameter θ. The two elliptical copula families and the three Archimedean copula families can be listed in Table 2 For implementing the copula-based approach, the selection of the appropriate copula functions and the estimation procedure are the main challenges. The MLE approach is used to estimate the parameters of copula functions. To identify copulas that can best describe the dependence structure between variables, there are several steps in selecting the appropriate copula, such as dependence evaluation, goodness-of-fit test and tail dependence assessment. Dependence measure is required to obtain a quantitative value of the dependence relationship between variables. The most well-known measures used to analyze dependence are Kendall (τ K ) and Spearman (ρ S ) coefficients. Kendall's τ K is defined as the difference between the probabilities of concordance and discordance of two independent and identically distributed random vectors (X 1 , Y 1 ) and (X 2 , Y 2 ). It can be expressed as
where A dx, dy = (X 1 − X 2 )(Y 1 − Y 2 ). In addition, Spearman's ρ S is defined as
Note that the random vectors (X 1 , Y 1 ), (X 2 , Y 2 ) and (X 3 , Y 3 ) are independent, and B dx, dy = (
Furthermore, the tail dependence is associated to the amount of dependence between variables having values in the tails of their univariate distributions. In this paper, we focus on the upper tail dependence because of the joint probability behavior of extreme precipitation indices. The upper tail dependence coefficient λ U (λ U ∈ [0, 1]) is given by the following expression:
If λ U = 0, the two random variables (X,Y) are regarded as asymptotically independence in the upper tail. If λ U ∈ (0, 1], then the variables are regarded as asymptotically dependence in the upper tail. In addition, in order to evaluate more appropriate copula in a quantitative manner, the Root Mean Square Error (RMSE), the normalized Root Mean Square Error (nRMSE), and the Nash-Sutcliffe Efficiency (NSE) are also used as goodness-of-fit indices. The RMSE is calculated as follows: Table 2 Two different copula families used in this paper and the detailed information
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where N d is the number of data points; C is the fitted copula and C e is the empirical copula; C is the mean value of the fitted copula. Copula has been certificated an effective approach for simulating the dependence between bivariate variables. Salvadori and De Michele (2004) analyzed JRPs of bivariate variables using copulas and discussed the importance of the JRPs. The bivariate joint return periods used in this paper is based on the form by Jhong and Tung (2018) 
Spatial Assessment for Climate Risk
Extreme precipitation usually leads to inundation disaster if it occurs over flood-prone urban area or plain, and landslide and debris flow disasters as the heavy rainfall occurs over mountain area. The main reason that climate-related events of natural disasters occur is due to the uneven spatial distribution of extreme precipitation. The investigation for the spatial assessment of extreme precipitation is an important role as the extreme precipitation usually causes many multiple hazards (More details of spatial assessment in Taiwan, see Supplementary Information).
To comprehensively figure out the possibility of future extreme precipitation, the investigation of change rates of joint return periods for different extreme precipitation indices is highlighted as the potential occurrence of a natural trend, and further integrate the exposure and vulnerability of the protected target to assess climate risk in this paper. To clearly highlight the spatial distribution of JRPs, the visual presentation of spatial information is an important task (Jhong et al. 2017) . It is necessary to understand basic knowledge of the spatial variability of hydrologic variables for estimating point values recorded at a limited number of stations (Lin and Jhong 2015) . According to the spatial correlation between scattered points, the simplest and most widely used method, the inverse distance weighted technique (IDW) , is employed to demonstrate the spatial distributions of the change rate of JRPs by Geographic Information System (GIS) software.
A protected target that we concern must be certainly defined for further quantifying their exposure and vulnerability (Tung et al. 2019) . Disasters induced by climate-related hazards, such as floods and landslides, affect millions of people and lead to significant damages to people's life safety and eco-environment (Sun et al. 2012; Petley 2012) . Hence, the protected target is defined as human beings living in the study area, and the exposure of the protected target is defined as the spatial distribution of population density. Several studies merge different combinations of social indicators as vulnerability, such as vulnerable age groups and population density (e.g., Peduzzi et al. 2009 ). The social vulnerability assessment indicators used in this paper are young children, older people, and physical mobility (Ruiter et al. 2017) . Reasonable causes in terms of selecting the vulnerability indicators are as follows: (1) Population density for young children and older people: Based on a human or economic perspective, the degree of hazards will be associated with the population density of the affected area, especially for children and elderly; (2) Physical mobility: Number of disabled facing the threat of natural hazards resulting from extremely precipitation. In this study, the situations of exposure and vulnerability of the target in the future periods are assumed the same as those in the current period.
To consistently assess climate risk, the change rates of JRPs of EPIs, exposure and vulnerability of the protected target is quantified as the same standard principle. The mean values and standard deviations of the change rates of JRPs of EPIs during each period under each scenario are firstly computed to calculate the standard score, and then the CDF of the standard score is further calculated to conveniently distinguish five different levels. The quantifying approach for the exposure and vulnerability of population in each administrative district is also similar by using the standard score. In this paper, the risk assessment matrices are used to obtain the level of climate risk, as shown in Fig. 3 . Level 5 is regarded as very high severity. On the contrary, level 1 is defined as very low severity.
Application
Study Area and Data
Taiwan is located on the major tracks of typhoons (i.e., tropical cyclones) in the northwest Pacific region, and has a tropical and subtropical climate with the average annual rainfall of 2500 mm. On average, four typhoons causing heavy and concentrated rainfall attack the island each year (Wu and Kuo 1999) . Whereas, annual rainfall in mountainous regions can exceed 3000 mm (Shieh 2000) . Approximately 60% to 80% of rainfall is concentrated on the wet season resulting in severe natural disasters . The shape of Taiwan Island is long and narrow, and most rivers initiate from the Central Range. Approximately 70% area of the island is hilly or mountainous region, and the slope of the mountainous area is mostly between 30°and 50° .
All of 25 weather stations adopted in this paper are shown in Fig. 4 , and the information of the weather stations in the study area is listed in Table S1 (see Supplementary Information) . All of the historical precipitation data of these weather stations were collected from the Taiwan Central Weather Bureau (TCWB). In addition to the rainfall data, the population density in various townships and towns was obtained from opening government data in Taiwan, and the data of vulnerability were collected from the Directorate General of Budget, Accounting and Statistics, Executive Yuan. The main vulnerability indicators, such as population density for young children, older people and physical mobility, were further calculated by the collected data.
Selection of GCMs and Future Scenarios
For the baseline period, the observed weather data and GCM projections were collected from 1986 to 2005 in this paper. For the future periods, the precipitation data resulted from GCMs under RCP2.6 and RCP8.5 scenarios during 2021-2040 and 2081-2100 are exploited. The GCM and RCP8.5. The radiative forcing in RCP2.6 is assumed to increase around 3 W/m 2 at midcentury, and then be declining and limited to 2.6 W/m 2 in the year 2100 (van Vuuren et al. 2011 ). As to RCP8.5, the radiative forcing increases throughout the twenty-first century before achieving a level of approximately 8.5 W/m 2 at the end of the century (Taylor et al. 2012) .
To investigate any possibility for changing joint probability behaviors of precipitation extremes, the selection of the most appropriate GCM output is important for climate risk assessment. Regarding the selection of GCM datasets for the 25 weather stations in Taiwan, Lin and Tung (2017) has established a process consisting of climate zonation, applicability ranking and a model similarity check to provide the top five GCM datasets for the weather stations. In this paper, the set of the top five GCM datasets to each weather station in Taiwan based on the results of the work by Lin and Tung (2017) were used for climate risk assessment. The GCMs including abbreviation of models, modeling center and the institution are briefly listed in Table 3 .
Extreme Precipitation Indices
A suite of climate-change indices that focus primarily on extremes is essential, and a total of 27 indices based on daily temperature values or daily precipitation amount are considered to be core indices (Karl et al. 1999; Peterson 2005) . The intensity and the amount of extreme precipitation are widely used to analyze the trend in extreme precipitation (Nandintsetseg et al. 2007; Sillmann and Roeckner 2008) . These two extreme precipitation indices including the amount of extreme heavy precipitation (P90) and the intensity of extreme heavy precipitation (I90) are used as the precipitation extremes in this paper. P90 means that annual total precipitation amount of days with daily precipitation exceeding the 90th percentile of wet day, and I90 denotes that the average daily precipitation intensity of extreme heavy precipitation. The units of P90 and I90 are mm and mm/day, respectively. A combination of the above-mentioned indices [P90, I90] are further utilized to analyze the joint probability behaviors of these extreme precipitation indices, which implies a joint extreme event composed of the amount and intensity of extreme heavy precipitation. Taiwan Island usually has design urban drainage facilities with 1-, 2-, 3-, and 5-year return periods and flood protection standard with 25-to 50-year return periods. Therefore, in this paper, the 10-and 50-year return periods are applied to comprehensively consider most of all situations. 
Results and Discussion
Investigation of Spatial Distributions of Joint Return Periods during the Historical Period
To analyze the changes of future joint return periods of precipitation extremes, the joint probability distributions of observed precipitation extremes [P90, I90] Table 4 . As shown in Table 4 , the Kendall, Spearman, upper tail-dependence coefficients, RMSE, nRMSE, and NSE values of those copula functions were listed. The Kendall, Spearman and upper tail-dependence coefficients for Gaussian and t copulas are higher than 0.80, and the RMSE values are lower than 0.10. However, the Kendall and Spearman coefficients for Clayton, Frank and Gumbel copulas are lower than 0.6 and 0.8, respectively. The NSE values of all copula functions are totally higher than 0.90. As a result, the t copula is the most appropriate copula for the combination of P90 and I90 at the Dawu station. Consequently, the most appropriate copula functions for other weather stations under each scenario during each period can be determined as well. To investigate the difference of possibility for the [P90, I90] between historical and future periods, the spatial distribution of T 10 P90; I90 and T 50 P90; I90 based on historical precipitation during 1986-2005 is discussed, as shown in Fig. 5 . The green color with the meaning of lower JRPs represents that the co-occurrence of [P90, I90] in the area with the green color is more possible than other area. As shown in Fig. 5 , the area with the lower T 10 P90; I90 are mostly located in the northern, southwestern and eastern parts and the western coast of Taiwan, representing that the occurrence possibility for extreme precipitation in these regions is relatively higher than other regions. Conversely, the area with the higher T 10 P90; I90 are mainly located in the northwestern, southern and central mountainous parts of Taiwan, meaning that the possibility of occurrence of extreme precipitation in these area is relatively lower than other area. In addition, the trend of T 
Analysis of Exposure and Vulnerability Maps of the Protected Target
To investigate the impact of the future joint probability of precipitation extremes on people, the exposure and vulnerability in each administrative district are quantified as maps with different levels, presented in Fig. 6 . As shown in Fig. 6a , the area in the northern part of Taiwan has relatively high level, meaning that the people density within these area is extremely high. In addition, the area in northwestern, western, and southwestern Taiwan also have higher people density. According to Fig. 5 , the topography of the northern area with high level of exposure is a basin, and that of the western and southwestern area is plain. Those parts of Taiwan are the metropolitan area in which most of people live and work. Moreover, the vertical central part is the Central Range of Taiwan Island. Hence, the aforementioned reasons cause the spatial distribution of people.
In Fig. 6b , the vulnerability map for all counties and cities is clearly illustrated. As shown in Fig. 6b , it is very interesting that the trend of vulnerability is exactly opposite to that of exposure. The levels of vulnerability in northern, western, and southwestern coastal area are not extremely high, but the levels of vulnerability within the eastern and most of other regions are relatively higher than other regions. A reasonable interpretation is that the density of people who are 15 to 64 year-old and living in the metropolitan area is relatively high. However, the density of younger and older people with the age respectively lower than 14 and higher than 65 years old in other regions is also relatively high. It means that the vulnerability levels in these area are evident.
Climate Risk Assessment Due to the Spatial-Temporal Variability of Future Extreme Precipitation
According to the analyzed results of exposure and vulnerability with different levels, the impact of the change rates for T As shown in Fig. 7 , the levels of climate risk in central Taiwan under RCP8.5 during 2021-2040 are slightly lower than those under RCP2.6, but those in northern and northwestern area under RCP8.5 are obviously higher than those under RCP2.6. During 2081-2100, the levels of climate risk in northern, central, and western area under RCP8.5 are obviously higher than that under RCP2.6. According to the results in Fig. 8 , the climate risk in northwestern and southwestern area under RCP8.5 is relatively obvious than that under RCP2.6 during 2021-2040. However, the risks in western regions under RCP2.6 are obviously higher than that under RCP8.5. As to 2081-2100, the climate risk levels in northern area are extremely higher than other regions for both scenarios. As shown in Fig. 9 , most of regions have high potential climate risk. The levels of climate risk under RCP8.5 are significantly higher in the western and northwestern parts than those under RCP2.6 during 2021-2040. As to 2081-2100, the northern, western, and southeastern regions present high climate risk under both RCP scenarios. As to the results shown in Fig. 10 , the western and southeastern area have more severe climate risk under RCP2.6 during 2021-2040, the northwestern parts under RCP8.5, however, becomes more severe situation than RCP2.6. During 2081-2100, the northern regions still have high risk, but the climate risks between RCP2.6 and RCP8.5 are quietly different. The levels of climate risk in most regions under RCP8.5 become higher than those under RCP2.6. 
Strategies of Climate Adaptation for the High Possibility of Extreme Precipitation
In response to the effect of climate change, the planning of climate adaptation strategies based on the evaluated spatial-temporal results of climate risk assessment is indispensable. According to the spatial assessment of climate risk maps, four phenomena can be concluded: (1) The northern area being basin topography suffers from the high climate risk due to high population and high possibility of extreme precipitation; (2) The western regions being plain area also have high climate risk because of their high exposure or high vulnerability; (3) Most of the central regions which are mountainous area also have relatively high potential climate risk even though the regions do not have very high exposure and vulnerability level, especially for T 50 P90; I90 ; (4) The reason that eastern or southeastern regions also have high potential climate risk might be its topography of rift valley and high vulnerability.
High amount and intensity of precipitation might frequently lead to the landslide disasters and debris flow in the mountainous area with steep topography and geological vulnerability, or the inundation disasters in the plain area having relatively low elevation. People would suffer from more rainfall-induced events with large rainfall amount in the future, especially for the near-future period (2021) (2022) (2023) (2024) (2025) (2026) (2027) (2028) (2029) (2030) (2031) (2032) (2033) (2034) (2035) (2036) (2037) (2038) (2039) (2040) . Facing these challenges resulted from the climate-related hazards, decision makers should pay attention to climate adaptation strategies for mitigating high possible climate risk. In addition to hazards, decision makers can decrease the climate risk by changing the exposure or the adaptative capacity of vulnerability (Tung et al. 2019) . By means of changing the spatial distribution of exposure, the climate risk might be decreased even though the hazard level is quite high. Moreover, by planning rainwater sewer, hydraulic structures, land use, and so on, the flood disaster would be efficiently prevented in the metropolitan area. In the mountainous area, geological characteristics and slope protection measures should be considered by the decision makers for regional planning and governance. In addition, the non-structural measures, such as emergency evacuation, are also a kind of climate adaptation strategies, as well as long-term planning of housing policy based on the land carrying capacity.
Conclusion and Future Work
The objective of this paper is to assess climate risk by evaluating the impacts of spatialtemporal variability of extreme precipitation for investigating climate adaptation strategies. To reach the objective, a climate risk assessment framework based on the core concept of climate risk by IPCC AR5 is proposed in this paper. The proposed approach followed by the first to fourth steps of CCA6Steps to identify the current and future climate risk. According to the analyzed results of climate risk assessment, the corresponding adaptative strategies are also investigated. Firstly, the joint probability distributions of extreme precipitation are constructed by copula methods. The future joint return periods of the extreme precipitation indices are also evaluated. Then, climate risks derived from the interaction of climate-related hazard with the exposure and vulnerability of the protected target are further assessed. An actual application in Taiwan Island is successfully conducted to evaluate the spatial impacts of extreme precipitation on residents considering the exposure and vulnerability for climate risk assessment.
The results clearly indicate that the most appropriate copula function for the joint probability distributions of extreme precipitation can be constructed by the copula method. The future joint probabilities and joint return periods of the extreme precipitation indices are reasonably evaluated. The exposure and vulnerability factors of the target are also successfully quantified for the spatial assessment of climate risk. Moreover, some plain or basin area with high population suffer from the high climate risk. Several regions also have high potential climate risk owing to the relative high vulnerability. By means of applying the proposed climate risk assessment framework, decision makers can focus on the discussion of exposure and adaptative capacity of vulnerability to draw up suitable adaptative strategies.
The significant insights in future work can also be concluded. In spite of the climate risk assessment for one single protected target discussed in this paper, the protected target could be substituted as another targets in which researchers or decision makers in other fields are interested, meaning that the impacts of the spatial risk based on the future joint probability change of precipitation extremes on another protected targets can be further discussed. In addition, the future exposure and vulnerability of the protected target are assumed as the same with the current. However, the factors of exposure and vulnerability must be different in the future. Hence, a reasonable assumption of changing exposure and vulnerability integrated within the proposed climate risk assessment would be helpful in future work.
